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Abstract— Small mobile robots can be useful in dangerous
and high-risk applications such as disaster response. To this
end, small robots must be capable of autonomous navigation.
One way to perform autonomous navigation is via learning
perception-action cycles. The ability to learn perception-action
cycles may enable computationally— and data-efficient ways to
transfer navigation policies between robots, and to generalize
across operating environments. Learning perception-action cy-
cles currently relies on deep networks. Such networks, however,
may not be directly applicable to small robots due to the latter’s
constrained sensing and computing capacity. To mitigate this
challenge, we identify minimalistic neural network architectures
to approximate an obstacle prediction function using a robot’s
observation and action history. We propose a new learning-
based algorithm for small robot navigation in partially-known,
partially-observable environments. The performance of the
algorithm and its ability to generalize are evaluated in simple
and complex environments of varying size.

I. INTRODUCTION

Small (< 2kg weight, < 30cm largest body dimension)
robots enjoy several benefits when compared to their larger
counterparts. They have higher agility and maneuverability,
and are thus more capable and safer to operate in cluttered
environments, even around people. They can be comparably
fast and inexpensive to manufacture thus allowing deploy-
ment in large numbers. As such, small robots offer promise
in various dangerous and high-risk real-world applications
such as disaster response and search-and-rescue.

The efficacy of small robots in real-world applications
directly depends on their capacity to navigate autonomously.
If a map of the environment is known, then autonomous
navigation requires integration of planning, control, and esti-
mation. For instance, small unmanned aerial vehicles (UAVs)
can perform aerial acrobatics and bio-inspired maneuvers
like perching and grasping [1]-[5]. Small UAVs and ground
robots can assemble 3D structures [6]-[10], and small legged
robots can navigate in complex environments [11]-[13].

However, in many real-world applications we seldom have
a detailed map of the operating environment; only partial
information about the environment may be available. For
example, in the aftermath of a building fire, one can use
prior information from the building’s blueprints regarding
its dimensions and structural elements, but the internal
structure conditions are unknown (e.g., floors may have col-
lapsed). To navigate in such partially-known environments,
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the components of planning, control, and estimation must
be complemented with mapping. Simultaneous Localization
and Mapping (SLAM) algorithms enable a robot to con-
struct a map of its environment and localize itself within
the constructed map. SLAM is a mature field in robotics
applications [14]. Yet, most existing algorithms primarily
apply to larger robots which are typically equipped with
all the necessary sensing and computing hardware to gather
and process sufficiently information-rich data in real-time.
One exception is OrthoSLAM [15] which is a lightweight
SLAM algorithm that can run efficiently on computationally-
constrained robots. While OrthoSLAM is particularly suited
to indoor and structured environments, it may not perform
well in more general environments where the 2.5D and
obstacle orthogonality conditions are not met.

Contrary to their larger counterparts, small robots often
lack both the sensing and computing capacity to run SLAM
algorithms for autonomous navigation in partially-known en-
vironments. First, they have limited payload capacity to carry
for example a LIDAR sensor for mapping. Further, added
payload sharply reduces a small robot’s operational time.
This fact is particularly problematic in small UAVs [16].

A different autonomous navigation paradigm that may
circumvent the constrained sensing and computing capacity
of small robots hinges on designing navigation policies based
on perception-action cycles [17]. The robot first perceives its
environment to infer the local structure. This can be achieved
via lightweight, low power consumption sensors like cameras
or infrared (IR) distance sensors. Then the robot acts—i.e.
plans its motion—based on the locally-inferred environment,
and the cycle continues. The coupling of perception and
action, however, can be challenging since the robot needs
to keep track how its actions change its sensory input while
the same actions direct the acquisition of sensory data [17].
Allowing the robot to learn perception-action cycles instead
of hand-engineering desired responses may help address
this challenge. Further, learning-based navigation policies
may transfer well across different operating environments
with minimal modifications while allowing for some online
adaptation to improve the robot’s performance.

Learning perception-action cycles has been significantly
enhanced by recent progress in deep reinforcement learning
(RL). For example, A3C [18] and ICM [19] connect plan-
ning algorithms with deep networks, and achieve promising
performance with visual observations in games. However,
both A3C and ICM employ a complex architecture that
makes training and prediction time extremely long. Adapted
from DNC [20], MACN [21] follows a hierarchical global-



local process, and simplifies the network structure with an
external memory module. MACN takes laser data as input
and converts the local observation to a partial blueprint which
needs three convolution layers for feature extraction. Purely
RL methods have been used for navigation in unknown
environments (e.g., [22], [23]). However, they often require
a map for learning optimal policies, may not incorporate
obstacle avoidance, or, if so, utilize rewards (e.g., distance
to obstacles) that may cause chattering behaviors in complex
environments. Existing approaches to learn perception-action
cycles utilize very large networks. For applications with
small robots, shallow networks may instead be more useful
so that the forward pass evaluation and possible refinement
can run under constrained computing capacity. Shallow net-
works also allow us to recover some guarantees for learning-
based systems [24]-[26]. Such guarantees are very important
for meaningfully bringing learning into robotics applications.

We note here that employing shallow networks for small
robot navigation has been used in the past. Notably, evolving
neurocontrollers [27] can be combined with feed-forward
and recurrent neural networks to accomplish collision-free
corridor following by predicting sensory input [28]. How-
ever, these approaches are only tested in simple worlds with
a single isolated obstacle and appear to not generalize to
unseen environments. As we will show in the following, we
follow a systematic approach to identify simple yet useful
shallow network architectures, while our proposed approach
works and generalizes well to large, complex environments.

Contributions of this Paper

Motivated by the appealing properties and potential of
shallow networks, the contribution of this paper is twofold.

Identification of minimalistic neural network architec-
tures: We investigate various shallow network architectures
and evaluate their capacity to approximate a function for
obstacle prediction based on limited history of the robot’s
observations and actions. We draw similarities and differ-
ences between tested architectures and further test those that
perform on par with much more complex structures.

Development of a new learning-based navigation al-
gorithm for robots with constrained sensing and com-
puting capacity: We propose a navigation algorithm in
partially-known, partially-observable environments that com-
bines Temporal-Difference learning with Long-Short Term
Memory (LSTM) networks. We demonstrate the generaliza-
tion capability of the proposed algorithm by testing with
various map sizes not presented during training.

II. TECHNICAL PRELIMINARIES
A. Reinforcement Learning

Robot navigation in partially-known environments can
be cast as a reinforcement learning problem. Let ¢; =
[z;,y;]7 € R? denote the robot state at step i; go and gy
denote the initial and final robot states, respectively. At each
step, the robot executes an action a; € A;, and receives a
reward from the environment. Reaching a desired final state
can be viewed as maximizing the total reward. The rewards

received after step ¢ form a sequence R;i1, Rito,..., Ry,
where index f denotes the terminal state. The return from
state ¢ can be expressed as the cumulative discounted reward

f
Gi; = Y v* 'R, where the discount rate v lies in the

[0,1] igttelrval. The action-value function for a policy 7 is
the expected return Q(q,a) = E[G;|¢; = q,a; = a]. The
optimal policy thus is to select the sequence of actions that
maximize Q(q,a), that is

a* = argmax Q(q,a) = argmax E[G;|¢; = q,a; = a] .
a a

However, the lack of a model for the environment challenges
the selection of future rewards and terminal state.

Our work builds upon Temporal-Difference (TD) Learn-
ing [29] to obtain estimates of (G;. We choose TD Learning
as the underlying basis due to its appropriateness in model-
free prediction problem. One-step TD updates its G; esti-
mate using only the next observed reward R;y; (instead of
waiting until the end of the episoo%e). The standard target

of one-step TD update is G; = > v* 1Ry = Riv1 +
k=1

o0
Y2 Y ' Riyiek = Rip1 + 7Q(¢it1,ai41), when the
k=1

terminal state f is unknown. However, one-step TD methods
lack optimality guarantees since estimated rewards after step
1+ 1 may be inaccurate.

N-step TD methods would instead utilize n number of
rewards, 1 < n < f. The error reduction property guarantees
that the expectation of n-step reward is a better estimate
than one-step methods. In practice, however, the n-step
return cannot be used prior to observing R;;, [29]. To
obtain R;.,, n-step forward sampling of states, actions,
and rewards from actual or simulated interaction with an
environment is needed. Yet, large values of n may increase
the computational complexity to a level that makes real-time
execution on a small robot impossible.

In Section III, we propose a method to efficiently predict
up to R;;o. The proposed method offers trade-offs between
the computational complexity associated with n > 1 and
estimation accuracy of ;. The TD target can then be
expressed as R; i1 + YRiro +Y2Q(qivo, it2).

B. Environment Maps

In this work we consider environments that can be suffi-
ciently represented via a grid-based map M C R?. Each cell
c of the map is square with unit length sides, and is uniquely
described by the coordinates (x,y) of each center point.
Let My and M s, denote the obstacle-occupied and free
subspaces of the map, respectively. We require i) M5 to
contain no 2 x 2 blocks (i.e. only “walls” are allowed), and
ii) My to be path-connected (i.e. there is at least one
path between any two cells of the obstacle-free subspace).
Finally, we consider two types of maps: easy and difficult
ones (Fig. 1). A map is classified as difficult when there exist
several dead-ends and multiple intersections.



i JA— i _r1 =15
A [
R = e R
I i "..%,bu{l

Fig. 1: Sample maps of size of 51 X 51. (a) An easy map has no or
very few and short dead-ends. (b) A difficult map includes multiple
intersections leading to dead-ends after several steps.

III. LEARNING-BASED NAVIGATION

We first formulate the small robot navigation task, and
then describe the network architectures we use to predict the
presence of obstacles. Then, we propose a new algorithm
that combines policy iteration and the considered network
structures to achieve small robot navigation tasks.

A. Problem Formulation

Consider a robot randomly placed at an initial state gy =
[0, 0] . The robot can move in the horizontal and vertical
directions (but not diagonally), and is equipped with four dis-
tance sensors (e.g., IR sensors) placed at its front, rear, left,
and right sides, respectively. The sensors can detect an obsta-
cle in a direction d € D = {Fast, South, West, North},
and have unit length range.! Define an action of the robot
as moving one unit distance in a direction d. The task is to
reach some final state ¢y = [zf,y]" within map M with
a minimum amount of actions while avoiding an unknown
number of obstacles encountered along the way.

We group the sensor readings at state ¢; in a 4 X 1 vector
O(g;) and denote its d" row as O(g;,d) € {0,1}, where
0 and 1 indicate respectively the presence and absence of
an obstacle in direction d. As an example, in Fig. 2(a), the
sensor report is O(q;) = [0,1,1,0]7 at (z;,v;)-
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Fig. 2: A sensor report (left), and a dead-end scenario (right).

The action space A; contains valid (i.e. collision-free)
actions for the robot at step 7. The cardinality of this set is
0 < |4;] < 4. A map cell is then considered inaccessible
if it is occupied by an obstacle, or—more importantly—
it is associated with cardinality |A;| < 1. The latter is
important because it corresponds to dead-end scenarios,
and gives us the mechanism to overcome them. To see
this, consider Fig. 2(b). At step ¢ the robot is at cell with
coordinates (z;,y;) and reports Q(q;) = [0,0,1,0]T. Then,
|A;| = 1 so (x;,y;) will be marked as inaccessible. At
step ¢ + 1, the robot moves to (z;y1,¥;4+1) and reports
Q(qiv1) = [1,0,1,0]T. However, (z;,y;) is already marked
as inaccessible. This leads to |4;41] = 1, thus marking
(zi41,Yyi+1) as inaccessible too. By following this approach

'Examples of small robots of this nature include miniature quadrotors
and wheeled robots equipped with omni wheels.

iteratively, we make sure that the robot will not enter a
dead-end again, but instead take another action in the first
intersection prior to that dead-end.

B. Neural Networks for Obstacle Prediction

As discussed in Section II, we train a neural network to
approximate a function f(-) that estimates R;;o. Given a
history of observations, f(-) learns the patterns of a map,
and at step ¢ it predicts the next observation the robot is
going to make for any valid action it may take. We seek
to determine the simplest network architecture that performs
accurate prediction. While a deep and complex network can
achieve better performance, simple (shallow) architectures
have important advantages in small robot navigation:

1) The required training time increases with the network
size [30]. Using a simple architecture, the training time
can remain relatively short.

2) Small robots have limited memory. A simple architec-
ture ensures that the number of network parameters that
need to be saved in memory remains manageable.

3) Small robots have limited operational time. The time
(and the associated power consumption) for prediction
can be low for simple architectures.

Let O(qi1) = f(6(qi, T),ai;wy) be the obstacle predic-
tion function. ¢(g;,T") is a feature encoding function that
captures a sliding window of robot actions and observations
history of length T'. w; represents the weights of the net-
work. O(gi41) takes the form of a quadruple that contains
the probabilities that ¢¢,, = (z¢,,,y¢,,) is inaccessible in
directions d € D after executing a;. The output ground
truth is the accessibility of q;»ﬂrz given the map. We seek
to minimize the difference between the predicted and actual
obstacles. A unit input to the network is shown in Fig. 3.2
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Fig. 3: The structure of the input given to our network.

We consider two types of networks shown in Fig. 4. A
ReLU is used when appropriate to avoid the vanishing gradi-
ent problem [31], while a sigmoid unit ensures the networks’
outputs follow a Bernoulli distribution [32]. Dropout layers
are used between hidden layers to avoid overfitting [33].
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Fig. 4: We consider (a) one 2-layer FF network, and (b) four LSTM
networks—one with two layers and three with a single layer.

’Note that we only mark a cell as inaccessible based on the robot
observation and not the output of the prediction function.



1) Feedforward (FF) Network: An FF network with a sin-
gle hidden layer containing a sufficient number of nonlinear
units can approximate any continuous function [34]. Since
the output of an FF depends only on the current input and not
on any past or future inputs, FF networks are more suitable
for pattern classification than for sequence prediction [35].
However, here we consider an FF network because the target
function f(-) has 2% possible outputs and can thus be cast
as a l6-class classification problem. The structure of our
FF network is shown in Fig. 4(a). Its input is an 87 x 1
vector. Two fully connected layers have 8 and 4 hidden units,
respectively. ReLU and Sigmoid activation layers are added.

2) Long Short-Term Memory (LSTM) Network: An FF
network can only map from input to output vectors, whereas
an LSTM network [36] can in principle map from the
entire history of previous inputs to each output [35]. LSTM
networks work well in sequential prediction problems such
as audio [37] and video data [38] analysis, learning context
from languages [39], acoustic modeling of speech [40]. In
robot navigation, the LSTM can help making predictions in
the presence of long corridors and wide free space.

Our main LSTM network is shown in Fig. 4(b). It consists
of two LSTM layers, two dropout layers and one fully-
connected layer with a sigmoid activation function. LSTM
layers have 128 and 256 memory units. The input size is
T x 8+ 4: an 8 x 1 vector for each step in the sliding
window, and a 4 x 1 movement vector. To identify the
simplest architecture, we also consider three cases of single-
layer LSTM networks with 128, 256, 512 hidden neurons.

C. Proposed Algorithm

We are now ready to introduce our learning-based algo-
rithm for small robot navigation in partially-known, partially-
observable environments. In our algorithm, no prior knowl-
edge of the map is required. We do not save the entire
observed map, but only record a sliding window length of
observation and action history for prediction purposes.

The algorithm consists of two steps: i) policy evaluation
with TD learning, and ii) e—greedy policy improvement. In
TD learning, the robot updates its estimation after observing
reward R. Since an explicit model of the environment is
unavailable, R;,, where n > 2 is difficult to know. In the
proposed algorithm, the estimate of R, is obtained by the
obstacle prediction function described above.

1) Policy Evaluation: Let index j € {1,2,3,4} denote a
candidate action from the action space A; at step ¢, for any
accessible cell. Then for each candidate action a] € A;,

E[G!|gi, al] = Rl 1 (¢i,al) + YR, 5(q:.a]) .

o0
Higher order terms Z o LRI ;45 eventually influence the

=3

return very little and are thus neglected. From current state

gi, the robot executes an action aJ and reaches state ¢7, ;.
The one step ahead reward R/, | is the sum of two parts:

i) instant reward, and ii) visit reward The instant reward

Rzns i+1(ai, al) is given based on the distance to the goal.®

3This requires only a map outline to pinpoint starting and target locations.

It is positive when the robot is getting closer to the ground
and negative when getting away from it. A very large positive
reward is given when the target is reached. It is given by

Lo if flgy — gl ll < llag — all,
100, if ||¢; — q§+1|| =0,
—1, otherwise.

Rgns,iJrl (q’i’ a-zj) =

Let n) tim represent how many times the robot has been
in state ¢/, , in the past m time steps—m is a small number
compared to map size. The visit reward is non-positive and
penalizes chattering behaviors that often occur in learning-
based robot navigation. Note that this penalty is not added
when the robot backtracks from a dead-end. Its form is

Rg)isit,i-i-l(qia ag) = _maff(”fﬂ,m -1,0) .

The total one step forward reward Rz+1(qi, a{) then is

Rz—i—l(qlv al) aj) + 2R i1 (gisal) -

where constants ¢; and ¢, weigh the contribution of instant
and visit rewards respectively, and are found empirically.

We also seek to estimate R/, , for each candidate action
a'Z € A,. To reach a particular state q§l+2 at step 7 + 2, an
action a,; has to be executed. If position (z¢,,,yd ) is
accessible, af,  is a feasible action and then af | € A;y1.
The obstacle reward is defined as

—1, if afyy & Ain
Robs z+2 0

otherwise.

An example is shown in Fig. 5. At step ¢ the robot takes
an action a; to reach state g;4;. The action space at step
i+ 1is Ay = {al},,al\1}. To reach a particular state
qﬂQ, the robot needs to execute aZEH, however afil ¢ Aiy1,
N bem 42 = —1. To reach state ¢}, the robot needs to
execute a) ;. Now a/¥; € A;14, so R(‘J/‘ljs,i+2 = 0.

_ J
- ClRins,i+1 (%'7

a a2
T
at; Tn g,
e |

Tz
0
Fig. 5: Actions and observations at steps ¢ (left) and ¢ 4 1 (right).

The obstacle reward determines the two step ahead reward:

ZRbat+2*P(dq“ )a

deD
where P(d; ¢;,a ) is the probability that ql " o 18 inaccessible
after executing a] P(d; q;,al) is the output of the prediction
function approxnnated by our neural network. At least one
feasible qfﬂrz exists, which is same position as ¢;, —3 <
R! 12 <0. R! 42 = —3 suggests that the robot will encounter
a dead-end if it executes a. With R}, , = —3 the robot
learns to turn around before reaching the dead-end position.
In all, the action that maximizes the expected reward is

a; = argmax (R (a5, 0]) + 7R] 2(0i,0) )
J

R1+2 QZa



2) Policy Improvement: Selected a; may not be optimal
since the prediction function less than 100% accuracy, and
there is insufficient prior knowledge on unseen map areas.
Another candidate action may eventually yield a greater total
reward than the greedy action [29]. To encourage exploration,
the action chosen at each step is either a; with probability
(1 —€), or a random action with probability ¢ > 0.

3) Algorithm: We propose the robot navigation algo-
rithm 1. In each trial, initial and target states are arbitrary.
Nyqvi 1s the maximum allowed steps for one navigation task.
Information used during the process includes the robot ob-
servation history of maximum length T, a list of inaccessible
state L of maximum length L,,,,, and target state.

Algorithm 1 Navigation in partially observable Environment

Select qdo, 4f, T, Lm.am, €
initialize L={ }, W={ }, i+ 1
get sensor report O(qp) at initial state

action space Ag «+ | {ad|O(qo,d) =1}
deD
:action ag < Grandom € Ag towards direction d

5

6: next state ¢* < (¢*|qo, ao)
7. W W U{O(qo), a0}
8
9

B e

: repeat
obtain sensor report O(q;)
10: A < U {a{|0(g;,d) = 1} N {a{|(¢" g, af) & L}
D

de
11: if |A;| =1 then

12: L+ LUg;

13: aj < a; € A;

14: else 4

15: for each a] € A; do

16: if i <1 then ' _

17: R (qi,a7) < R, (@i, af)

18: else ‘ 4 4

19: compute 1], ,(q;, aj) with f(W, af;wy)
20: R (i, ag) — Rg-u(% ag) + 7R3+2(Qia ag)
21: af « argmax R (q;, al)

J
22: x4+ X ~U(0,1)
23: if x < € then

24: a; < a}

25: else

26: a; < Qragndom € Al
2. g (@ ais i)
28: W + WU{O(qi),CLi}
29: 1+—1+1

30: until ¢ = Ny — 1 OR qi = gy

IV. SIMULATION AND RESULTS

The proposed algorithm is tested in simulation. Our imple-
mentation is based on Keras with Tensorflow back-end. We
use NVIDIA TITAN X GPU and Intel Xeon CPU E5-2603.
Obstacles are placed randomly in maps of size h x w. Initial
and final states go and ¢y are picked randomly, with at least
one feasible path between them. We set N,.qndom = 512 and
Nipavi = h *w * 2, and use the following hyper parameters
in training: batch size 128, optimizer RMSProp [41], initial

learning rate 0.001, decay rate 0, samples per epoch 500.
The number of epochs, representing one forward pass and
one backward pass of all the training examples, is variable.

A. Function Approximation

Algorithm 2 generates data for training, validation, and
testing. In each step i, we save O(q;) and a; as a vector v;.
The training input, output, and label are [v;_741 - v;—1 a;],
Oqi, and O, respectively. The LSTM defines a distribution
P(d;q;,a;, wy); we use binary cross-entropy between train-
ing data and model’s predictions for the cost function [32].

Algorithm 2 Data Generator for training Neural Network

Select h, w, generate random map, set qo, ¢f, Nrandom-
141
get sensor report O(qo) at initial state
action space Ag «+ | {ad|O(qo,d) =1}
deD

B2

first action ag < Qrandom € Ao towards direction d
next state ¢* < (¢*|q0, ao)
repeat
obtain sensor report O(g;)
action space A4; + |J {a¢|0(q;,d) =1}
deD
10: ifal""' € A; then
11: a; + al'!
12: else
13: i < Qrandom € A; towards direction d;
14: next state ¢' ™t < (¢"*1qi, a;)
15: 14 1+1
16: until i = N,4ndom — 1 OR qi = qf

R R AN

The testing accuracy of the FF network is listed in Table I.
Prediction accuracies for each direction are consistently
around 0.5 for all tested map sizes. The sliding window
length has no significant impact on the FF network. Since the
accuracy is low, we confirm that a shallow FF network does
not appear to be appropriate for this type of applications.

TABLE I: Testing Accuracy for FF network

Accuracy Accuracy Accuracy Accuracy
East South West North
0.501 0.502 0.501 0.501

Map Size T
ALL 20

We consider four LSTM networks: one 2-layer with 128
and 256 hidden neurons, and three 1-layer with 512,256,
and 128 neurons, respectively. We present in Table II results
on training and validation accuracy from 51 x 51 easy maps
trained over 125 epochs. All but the 1-layer LSTM with
128 neurons structures give over 90% testing accuracy. The
training time per epoch is around 40s for all 1-layer networks
irrespectively, and doubles for the 2-layer network.

TABLE II: LSTM testing accuracy on a 51 x 51 easy map

Structure Accuracy Accuracy Accuracy Accuracy t;r:re
East South West North
epoch
2 layers 0.907 0.906 0.907 0.906  75s
1-512 layer| 0.904 0.902 0.905 0.900  40s
1-256 layer| 0.902 0.903 0.903 0.901  40s
1-128 layer| 0.897 0.898 0.899 0.896  40s




TABLE III: Testing Accuracy and time required for training

2-layer LSTM 1-layer LSTM with 256 neurons

Map [Accuracy Accuracy Accuracy Accuracy time cost |Accuracy Accuracy Accuracy Accuracy time cost

Size East South West North per epoch| East South West North per epoch
11 x 11| 0.928 0.931 0.932 0.932 50s 0.925 0.929 0.929 0.932 30s
Easy |31 x 31| 0.919 0.918 0.920 0.929 70s 0.915 0913 0.917 0.917 40s
51 x 51| 0.904 0.904 0.906 0.902 70s 0.902 0.903 0.906 0.901 40s
Diffi- 11 x 11| 0919 0.918 0.919 0.918 50s 0.918 0.917 0.917 0.917 30s
cult 31 x 31| 0914 0.910 0.916 0.912 70s 0.912 0.910 0.913 0914 40s
51 x 51| 0.906 0.908 0.907 0.905 70s 0.908 0.907 0.903 0.907 40s

Figure 6 shows results on training and validation accuracy.
The 2-layer LSTM, and the 1-layer LSTM with 256 and 512
neurons achieve similar final accuracy. Also, the network
converges faster as the number of neurons increases. The
2-layer LSTM achieves the best overall performance, while
the 1-layer LSTM with 256 neurons can get similar testing
accuracy with less network parameters and training time.

0.89

2 layers training

Accuracy
o
&
g

2 layers validation
; ——1-512 training
085 { 1-512 validation
——1-256 training
----- 1-256 validation
0.83 1-128 training
——1-128 validation

1 11 21 31 41 51 61 71 81 91 101
Epoch

11 121

Fig. 6: Training and validation accuracy of different LSTM-based
architectures in 51 x 51 easy map (cf. Table II).

Figure 7 depicts the training and validation accuracy of
the 1-layer LSTM with 256 neurons, and the 2-layer LSTM,
respectively in difficult maps. The 2-layer LSTM converges
faster. However, since the time per epoch is higher for
the 2-layer LSTM, the actual training time between the
two architectures remains similar. Table III gives a more
detailed picture of the testing accuracy for both architectures
in maps of varying size and difficulty. Overall, the 2-layer
LSTM requires more training time per epoch. Both structures
consistently give us over 90% prediction accuracy.
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Fig. 7: (a) 1-layer (256) (b) 2-layer LSTM training and validation
accuracy in difficult map of varying size.

2 Layer LSTM Accuracy

We also tested 7' = 40 for 2-layer LSTM in 51 x 51 maps.
Testing accuracy is similar ([0.907, 0.905, 0.908, 0.908])
with longer training time. Thus, we use 7" = 20 for 11 x 11
maps, and 7" = 30 for 31 x 31 and 51 x 51 in both LSTMs.

TABLE 1V: The nine conditions considered in simulation

Map Size Map Size Map Size Map Size
Indi iy Sim) L M (Trainy  (Sim) L
TTTIx 1T TIx 11 20] 6 [31x 31 5L x5 30
2|11 x 11 31x31 20| 7 |51 x50 11x11 30
3|11x11 51x51 20| 8 |51 x50 31x31 30
4[31%x31 11x11 30| 9 |51 x50 51 x50 30
531x31 31x31 30

B. Simulation for Navigation Task

We evaluate the performance of the proposed algorithm
in simulation. Following Algorithm 2, nine conditions are
considered for each architecture; these are shown in Table IV.
For each condition, we run the simulation for N = 30 times.
In each trial, gg and gy are chosen randomly. To quantify
efficiency, we compare robot movement steps for reaching
the target with the number of A* expand nodes [42]; the A*
algorithm is guaranteed to expand fewer nodes than another
search algorithm with the same heuristic if the heuristic is
admissible [43]. We use the Euclidean distance in A*.

TABLE V: Fixed map, 1-layer and 2-layer

1-layer 256
Easy Difficult
Index | success < A* | success < A*
1 30/30 19/30 20/30 2/27
2 26/30 22/26 25/30 12/25
3 29/30 24/29 24/30 12/24
4 28/30 10/28 25/30 1725
5 27/30 18/27 25/30 1/25
6 29/30 25/29 22/30 10/22
7 30/30 9/30 27/30 1727
8 30/30 20/30 25/30 4/25
9 29/30 27/29 26/30 12/26
2 layers
Easy Difficult
Index | success < A* | success < A*
1 30/30 17/30 29/30 3/29
2 27/30 26/27 21/30 7/21
3 28/30 25/28 22/30 6/22
4 30/30 10/30 29/30 1/29
5 27/30 16/27 23/30 7/23
6 29/30 23/29 19/30 6/19
7 30/30 11/30 29/30 1/29
8 27/30 23/27 21/30 8/21
9 30/30 25/30 24/30 11/24

1) Simulation with Fixed Maps: In the first set of simula-
tions, the map remains fixed. Simulation results for 2-layer



TABLE VI: Not Fixed Map, 1-layer and 2-layer

1-layer 256 2-layer
Easy Difficult Easy Difficult
Index | T,[ms] success < A* | T,[ms] success < A* | T,[ms] success < A* | T,[ms] success < AF
1 16.6 30/30  18/30 14.4 27/30  5/27 27.98 29/30 11729 | 22.46 29/30  2/29
2 18.3 27/30  13/27 14.1 19730 7/19 29.34 27/30  23/27 | 22.93 22/30 4722
3 17.3 29/30  24/39 13.4 25/30 10725 | 27.19 28/30  24/28 | 22.63 19/30  5/19
4 25.7 30/30  3/40 18.5 25/30  2/25 35.31 30/30  10/30 | 30.97 22/30 0722
5 26.0 27/30  20/27 18.7 23/30  7/23 34.34 29/30 21729 | 33.22 24/30 8/24
6 253 28/30  20/28 18.8 24/30  10/24 | 33.62 26/30  19/26 | 31.14 23/30  5/23
7 24.5 30/30  30/30 18.6 25/30  4/25 33.54 30/30  11/30 | 31.92 27/30 0727
8 24.7 29/30  9/30 17.6 19730 5/19 33.73 30/30  21/30 | 32.61 20/30  4/20
9 24.3 28/30  28/30 25.7 24/30  12/24 | 32.55 28/30  21/28 | 33.02 20/30  10/20

LSTM and 1-layer with 256 neurons are given in Table V.
Results show that our algorithm can generalize to unseen
maps of different size. Training with large simulated maps
can be very time consuming; our approach allows training
of the prediction function with small maps, and usage for
navigation in maps of unknown size.

Regardless of map size, the robot reaches the target
successfully over 90% in an easy map. Further, the algorithm
considers less nodes than A* on average over 50% of those
times that the robot reaches its target. In difficult maps, the
algorithm performs better if trained with larger maps. We
hypothesize that this behavior is observed for the following
reason. When trained with 11 x 11 maps, the prediction
function may learn that the maximum length of successive
obstacles is smaller than 11. When tested in a 51 x 51 map,
the robot starts moving toward the target, but after observing
11 successive obstacles it may decide to turn back without
being able to ascertain if that path leads to a dead-end. The
learned model suggests that the path leads to a dead-end,
but it may not be true since the map is larger. The robot
then moves to the opposite direction, and does not reach the
target within the allocated steps. When trained with 51 x 51
maps, the robot will keep moving forward after observing
11 successive obstacles. If it encounters a dead-end, it will
mark this path as inaccessible, and continue.

It is worth noticing that the length of the sliding window
can be smaller than the length of map size. If the map size
is not known, we can simply choose 7' = 30 based on our
results. Note that, by construction of the input, we cannot
get a prediction of R;yo before the process step reaches
the length of the sliding window. When the map size used
for simulation is relatively small compared to the length of
the sliding window, it is difficult for our algorithm to have
less steps compared to A* expand area. However, this fact
indicates that estimates of I?; 9 in fact help with navigation.

2) Real-Time Execution Capability: To provide detailed
results on prediction time, a new map is generated in each
trial. We run N = 30 simulation trials for the same nine
conditions with randomly selected ¢ and q;.

Table VI shows the results with different maps in each
simulation trial. Time needed for prediction is given in
both difficult and easy environments. The prediction time
is averaged over total steps in 30 trials with different maps,
which can represent a generalized result. In both difficult and

easy cases, prediction time is related with sliding window
length T' and number of layers in LSTM. When T increases,
it requires more time for prediction. For 2-layer LSTM with
T =20 and T = 30, the average prediction time is around
20ms and 30ms, respectively, which makes it possible for
real-time execution. For 1-256 layer network, prediction time
can be reduced to as short as 14ms. Number of weight
parameters in the trained model for 2 layer LSTM network
is 0.55 M for T' = 20 and 0.59 M for T = 30. For 1-256
network, it is 0.43 M when 7" = 20 and 0.51 M for T' = 30.

V. CONCLUSIONS

The paper puts forward the idea that simple, shallow
networks may offer promise in small robot learning-based
navigation. Such networks can still apply despite the con-
strained computational and limited payload capacity of small
robots, and lend themselves to analysis for deriving certain
performance guarantees. Research on identifying minimalis-
tic network architectures that perform well in the context of
small robot navigation appears to be limited.

We narrow this gap by investigating five cases of shallow
networks, and by delving deeper on those architectures that
achieve high levels of accuracy via extensive simulations. We
show that a network with only one LSTM layer is able to
predict the existence of obstacles given a robot’s observation
history and a potential action. Our approach scales well as
the map size grows: A sliding window of length 30 can be
used in 51 x 51 maps with over 90% prediction accuracy.

Furthermore, we propose an algorithm which embeds this
modest LSTM network to estimate a two-step forward reward
in a Temporal-Difference Reinforcement Learning context
for robot navigation. We show that in 2D grid worlds the al-
gorithm is capable of adapting to variable-size environments
not encountered during training, with randomly selected start
and target positions. A simulated robot equipped with a
simple four-directional IR sensing module can reach a target
with over 95% and 80% success rates in easy and difficult
maps, respectively. Combined with the short prediction times
of the algorithm, our approach offers promise for real-
time execution on small robots in hardware experiments.By
employing sensors with different sensing ranges, with the
same network architecture, our algorithm can be used to
determine n-step forward rewards, where 2 < n < f. Our
future work will compare the proposed method with the



lambda-return TD learning and Monte Carlo methods, and
validate it with physical experiments.
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